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Abstract 
Protein complexes are characterised by shape complementarity at the interface. Here we 
present a simple fast global shape fitting algorithm to investigate the extent to which 
interfaces are global minima of complementarity. The algorithm is applied to a varied set of 
hetero and homo complexes and complexes between complexes showing that over 90% of 
large interfaces are global maxima in the space of shape complementarity. 
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Introduction 
Protein interaction interfaces are characterised by a high degree of shape complementarity [1, 
2]. Lawrence and Coleman [1] gave a quantitative score to the goodness of fit at a protein 
interface through a dot product of surface vectors corresponding to proximal atoms. This 
technique served as the basis for a concise Ramachandran-like 2D plot representation of 
protein interfaces combining shape and electrostatic complementarity (Sc and EC)[3]. 
Machine learning implementations based on Sc, EC and interface size have been successful 
in filtering out true native-like docked conformations from a dataset of possible poses [4]. 
The extent to which crystallographic complex solutions deviate from interface 
complementarity can also be scored and visualised via a small radius probe, implemented 
with the Molprobity web tool [5]. Molprobity has served as an effective tool for crystal 
structure optimisation.  
Global shape complementarity docking algorithms such as GRAMM have shown that native-
like docked complexes emerge as those with optimal surface overlap at various levels of 
coarse granularity [6].  Such exhaustive searches are over a six dimensional space with an 
additional scoring of the interface and are usually speeded up with techniques such as the fast 
Fourier transform (FFT). This methodology has been extended in FTDock [7] to include an 
electrostatic filter to separate high complementarity poses. The FFT overlap calculation speed 
up has been the basis of ClusPro [8], where high overlap conformations filtered based on 
statistical potentials and then clustered, and DOT [9]. Alternatively, protein structures have 
been approximated with a low order spherical polar Fourier expansion with a resulting 
relatively fast ‘surface skin’ correlation calculation [10]. Non-exhaustive techniques have 
also been developed based on defining surface features according to local convexity, 
concavity and flatness. In this PatchDock approach only conformations with matching 
patches are scored for complementarity [11]. In a further level of abstraction, the binding site 
shape has been shown to be describable with the first few terms of a Zernike 3D shape 
descriptor polynomial leading to a relatively rapid complementarity calculation [12]. The 
methodology presented here is based on an initial coarse grained exploration of 
conformations pivoted on surface atom surface point pairs followed by a fine scale analysis 
of limited set of putative binding conformations. The methodology recovers 92% of a mixed 
set of protein complex conformations.  
Results 
The algorithm was tested on a mixed set of 278 protein complexes. These consisted of 87 
homo-oligomer complexes [13] and 191 transient hetero-oligomer complexes [14], with 65 of 
these complexes involving more than two proteins. The complexes are non-redundant in the 
sense that they don’t share sequence homology at the interface. The results described below 
are not sensitive to the particular set of complexes examined.  The first stage coarse grained 
docking is sufficient to identify 61% of the complexes as optimal overlap conformations. A 
native-like docked conformation is called optimal if it comes in the top four ranked 
conformations according to the given scoring system. This percentage rises to 81% with the 
fine grained optimisation. The likelihood of a binding conformation being an optimal in 
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shape complementarity increases with the size of the binding interface, see Table 1.  In 
particular, for complexes with a number of atom contacts (4Å  proximity) greater than 400 
92% are complementarity optimal. This constitutes 80% of the complexes. It appears that 
measuring the size of the interaction through the amount of buried accessible surface area 
(ASA) is worse at segregating optimal from non-optimal complementarity, see Figure 3. 
Here, only 84% of the top 80% ASA complexes are complementarity optimal. An example 
docking run is shown in Figure 4. Here, an antibody light/heavy chain pair is docked with its 
target (von Willebrand factor pdb accession 1fe8). The ‘ligand’ scores highly at multiple sites 
on the antibody, with two conformations (ranked 1 and 3) in the top five aligning with the 
native structure. 
The atom type content of the interface is invisible to the analysis so far. A simple way to 
introduce atom type content in interface description is through a vector over a relatively small 
set of properties. In particular, five types of atom are considered: neutral, donor, acceptor, 
positive, negative. Thus each docking pose is associated with a docking matrix. A simple 
linear model can then be used to maximise the score associated with the native-like docking 
conformation. In particular, collecting 190 poses with corresponding RMSDs a linear model 
predicts slightly more native-like docked conformations, 86% and 96% of large interfaces. 
The relative contribution of the various atom pairings to the native-like docked interface 
relative to other complementary interfaces is shown in Table 2. The main contribution by 
virtue of being the dominant atop type comes from neutral pairings. As expected, opposite 
charge pairings and pairings between acceptor/donor and positive/negative atoms also 
contribute positively. The biggest effect is on the smaller interfaces where the native-like 
docked conformations now constitute 49% of the high scoring complementarity poses as 
opposed to 40% without atom type information. 
Amino acid preferences in both inter- and intra-protein interaction have been the subject of 
much research. The propensities for internal contacts have been developed into statistical 
potentials [15-17] that have been employed in protein folding simulations [18]. Propensities 
of amino acid types at protein interfaces have been effectively deployed as supplements to 
docking scores [19-23]. With this in mind it is of interest to investigate to what extent high 
complementarity interfaces segregate between native and non-native on the basis of amino 
acid content. Amino acid type data can be introduced in the same way as atom type data. 
However, a linear model fit based on the amino acid content and contact number at the 
interface only results in a moderate improvement in predictability from 81% to 83%. The 
beta factors for the amino acid contribution have a small but significant correlation with the 
probabilities associated with the Miyazawa Jernigan amino acid interaction energies (Pearson 
correlation -0.25 Zscore 3.69). 
Methods 
Each protein or protein complex to be docked is arbitrarily separated into a ‘ligand’ and 
‘receptor’ pair. The ‘ligand’ is mobile and the ‘receptor’ is stationary. The protein surface of 
the ‘ligand’ is reduced to a set of points separated by 3.5Å from each other and the protein 
heavy atoms. The ‘receptor’ surface points will anchor ’ligand’ surface atoms hence the 
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separation of the surface point from the ‘receptor’ heavy atoms is informed by nearest 
neighbour heavy atom separations observed in protein complexes. In the interest of 
computational speed surface points are spread at separations of 3.5Å.  Heavy atoms proximal 
to surface points are called surface atoms. A 0.5Å cubic lattice spanning the ‘receptor’ is 
defined with lattice points either assigned to the interior of the ‘receptor’ or the surface 
according to proximity. Specifically, initially a surface cloud is defined extending 5Å from 
each surface atom and then a cloud corresponding to the protein interior is defined extending 
2Å from each heavy atom. Thus the surface cloud has a thickness of 3Å and has an average 
distance from the protein heavy atoms of 3.5Å, which is the observed interaction distance 
between heavy atoms. The algorithm proceeds by locking each surface atom of the ‘ligand’ to 
each surface point of the receptor and generating conformations through Euler rotations. Each 
conformation is first assessed for clashes with the ‘receptor’ interior cloud. This is 
implemented in a two stage process by first looking for clashes of the nearest neighbour 
ligand heavy atoms to the anchored ligand atom and then looking for clashes across the 
whole ligand surface atom set. Conformations are scored by the number of surface atoms 
occupying the surface cloud of the receptor. The 9,000 top ranked conformations are then 
scored for the number of ‘ligand’-‘receptor’ heavy atom contacts, defined by proximity of 
less than 4Å. Specifically, the docking score is defined as the geometric average of the 
number of atoms at the interface and the number of contacts made by the interface atoms, 
 =  +


	 
 + , where ,  are the numbers of interaction contacts made by the 
atoms  of the two proteins and , are the numbers of atoms of each protein contributing to 
the interface. The final predicted conformation has the highest number of ‘ligand’ receptor 
contacts. 
The algorithm is exhaustive, but the initial global conformational search is coarse grained 
over a limited number of surface point and atoms. Rotational orientations are generated 
through a relatively coarse solid angle increment of 0.01 giving a total of 420 
configurations. The initial phase involves a number of moves scaling as the second power of 
the ligand surface atom number and a single power of the receptor surface point number. For 
computational speed the ‘ligand’ is taken to be the smallest of the pair to be docked. A typical 
complex involves 2000 ×  × moves in the initial phase, where , are the number of 
residues in the proteins to be docked. The final optimisation is a trivial time increment over 
the initial phase.  
The linear fitting is according to: 
~ = ∑   +  , 
where y is a categorical call on whether the RMSD of the docking pose is within 3Å of the 
native conformation ( = 1,0 according to whether the pose is native/non-native), x are the 
numbers of contacts of the given types at the interface and c a constant. For each protein pair 
the poses are now ranked based on the  factors and the success of recovering a native-like 
docked pose is measured by the rank of the native-like docked fold amongst alternatives. The 
relative contribution of the different atom type pairings can be seen by fitting to the 
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normalised contact matrix In particular, the elements are normalised over the set of interfaces 
i.e.  →
"#$%&〈"$%〉
)
"$% , where the brackets refer to the average over the interfaces and * is the 
standard deviation. 
Conclusions 
A simple shape complementarity algorithm has been used to show that protein interactions 
above a certain size correspond to maxima in the space of interface overlaps. In particular, 
92% of complexes with relatively large interfaces are optimal for shape complementarity. 
Only a relatively small fraction of small interfaces are optimal for complementarity. 
However, these interfaces are characterised by pairings of specific atom types. In particular, 
when atom type information is introduced in the simplest form of five basic categories 
(neutral, donor, acceptor, positive, negative) then the majority of small interfaces are also 
recovered through optimisation. The contribution of this rudimentary electrostatic 
information only makes a marginal impact on the correlation with native-like docked 
conformations and it is difficult to see how more subtle statistical potentials would be more 
critical. Further, introducing amino acid type content at the interface has less of an impact on 
segregation of native and non-native complexes than atom type content. The algorithm 
presented here overcomes the problems of conformation space size and intricate overlap 
calculation by introducing a two stage docking process. In the first stage a relatively small set 
of ‘ligand’ surface points are pivoted on a relatively small set of ‘receptor’ surface associated 
atoms and the possible arrangements sampled with a coarse grained Euler angle set. In the 
second stage a set of high scoring poses from the first phase are scored for a full atom surface 
overlap. The technique is different to those published and does not rely on FFT or any surface 
shape abstractions. In conclusion, the docking presented here, in line with most published 
methods, is for rigid bodies where the backbone and side chains are fixed as given in the 
crystal derived coordinates. Incorporating residue flexibility in docking is a much more 
complex process involving the generation of multiple conformers and then combining soft-
docking with refinement, see Andrusier et al for a review of these methods [24]. However, 
protein flexibility is outside the scope of the present study. Rather, the question of the extent 
of native-like protein-protein interface complementarity in the ensemble high 
complementarity binding conformations is addressed. 
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Legends 
Figure 1. Surface points and surface associated atoms in a protein complex. A complex 
of a chemokine ligand 5 homo-dimer (pdb 1b3a) with the surface points of the ‘ligand’ 
shown in light grey and the surface associated atoms of the ‘receptor’ shown in grey. The 
proteins are shown as space filled structures with a 1.5 A probe, with the receptor transparent. 
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
The surface points lie outside and the surface associated atoms lie within the surface. To the 
right the surface points in proximity with the surface associate atoms are shown 
demonstrating that these pairs can facilitate pivot points for docking poses. 
Figure2. Surface atoms imbedded in the lattice surface cloud. A complex of a chemokine 
ligand 5 homo-dimer (pdb 1b3a) is shown with a slice of chain A surface associated atoms in 
light grey with the lattice surface cloud (grey mesh). Chain B is shown transparent space 
filled (1.5A probe radius) together with those surface associated atoms that are imbedded in 
the surface cloud of chain B, dark grey. Docking is initially scored by the number of surface 
associated ligand atoms buried in the receptor surface cloud. 
Figure3. Native-like docked complexes segregate based on interface size. Plots of the 
fraction of top docking configurations that agree with the crystal data versus the interface 
size. Solid lines refer to the full optimisation and the broken lines to the initial coarse-grained 
stage. The interface size can either be measured by the number of proximal pairs, shown left, 
or the amount of buried surface area, shown right. It is clear that contact number more 
effectively predicts complex recovery.  
Figure 4. Example docking poses with high complementarity. The top five ranked poses 
by complementarity of the von Willebrand factor with the antibody light and heavy chain 
complex (structures from 1fe8). The top scoring pose is shown together with the true 
conformation on the right. The RMSD between the ligands is 1.21A. The third ranked pose is 
slightly closer to the true conformation, with an RMSD of 0.85A. 
Table1: The protein complexes used in the analysis. The protein data bank identifier is 
given together with the two chain identifiers. The colon separates the single or multiple 
domains to be docked. 
Table 2: Linear model fit relative contribution of different atom type pairings at native-
like docked interfaces. The relative contribution of the various atom type pairings at the 
native interface relative to non-native high complementarity interfaces as measured by the 
beta factors in the linear model fit. Apart from the dominant neutral contribution there is a 
high contribution from opposite charge, donor:negative and acceptor:positive pairings.  
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NEUTRAL DONOR ACCEPTOR POSITIVE NEGATIVE 
NEUTRAL 8.76 
DONOR -2.76 2.24 
ACCEPTOR 1.43 1.91 -0.52 
POSITIVE -0.54 -1.73 2.86 -0.31 
NEGATIVE -0.63 4.19 -3.81 5.86 -1.41 
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 A fast simple algorithm has been developed to explore the relative surface 
complementarity at native protein interfaces of native conformations. 
 Native protein complexes are shown to emerge as interfaces ranked highest by 
complementarity. 
 Atom type information encoding polarity and charge are shown to improve native 
structure recovery rates. 
 Amino acid content at interfaces has a marginal effect on the segregation of native 
and non-native complexes. 
